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Curriculum reinforcement learning algorithm for flexible job shop
scheduling problems
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Abstract; To address the issue of the lack of generalization capability of deep reinforcement learning in flexible job shop scheduling problems,
a method combining curriculum learning and deep reinforcement learning was proposed. The training instance difficulty was dynamically adjusted
with an emphasis on enhancing the training of the most difficult instances, to adapt to different data distributions and avoid the forgetting problem
during the learning process. Simulation test results demonstrate that the algorithm maintained decent performance on large-scale untrained problems
and benchmark datasets. It achieves better performance on four large-scale untrained problems with two artificial distributions. Compared to exact
methods and metaheuristic methods, for problem instances with larger computational complexity, it could rapidly obtain solutions of decent quality.
Moreover, the algorithm can adapt to flexible job shop scheduling problems with different data distributions, exhibiting a relatively fast convergence
speed and good generalization capability.
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Tab.4 Results on medium-sized problems
Bdm g PDRs PO FRESR G
% FRAL titn FIFO MOPNR SPT MWKR Sc#R[18] Sc#k[16] Asc  SCHR[18] Sg#k[16] A
Obj. 119.40 115.38 129.82 113.23 111.67 106.71 106.56 105.59 101.67 100.78
10%3 Gap 24.06% 19.87% 34.76% 17.58% 16.03% 10.87% 10.65% 9.66% 5.57% 4.63%
Obj. 216.08 214.16 230.48 209.78 211.22 197.56 195.72 207.53 192.78 192.01
203 Gap 14.87% 13.85% 22.56% 11.51% 12.27% 5.03% 4.04% 10.31% 2.46% 2.06%
St Obj. 184.55 173.15 198.33 171.25 166.92 161.28 160.14 160.86 153.22 151.24
1510 Gap 28.65% 20.68% 38.22% 19.41% 16.33% 12.42% 11.57% 12.13% 6.79% 5.4%
Obj. 233.48 219.80 255.17 216.11 215.78 198.50 198.52 214.81 193.91 193.88
20x10 Gap 19.22% 12.20% 30.25% 10.30% 10.15% 1.31% 1.31% 9.64% -1.03% -1.05%
Obj. 569.41 557.48 514.39 549.28 553.61 408.40 407.99 483.90 366.74 364.84
1063 Gap 76.47% 72.52% 57.96% 70.01 % 71.42% 25.68% 25.41% 49.71% 12.57% 11.95%
Obj. 1045.83 1045.94 835.94 1026.03 1059.04 671.03 663.15 962.90 629.94 624.04
203 Gap 74. 59% 74.58% 38.91% 71.31% 76.79% 11.52% 10.24% 60.70% 4.66% 3.67%
b2 Obj. 871.14 845.16 703.07 830.53 807.47 591.21 583.4 756.07 521.83 517.37
1510 Gap 132.23% 125.32% 86.74% 121.45% 115.26% 57.16% 55.17% 101.52% 38.70% 37.5%
Obj. 1088.05 1059.68 829.14 1040.69 1045.82 610.16 605.63 990.37 552.64 547.05
20x10 Gap 135.27% 129.09% 78.82% 124.98% 126.12% 31.58% 30.64% 114.15% 19.13% 17.97%
% ; S — PR A 5] BT LA ek NS 55 11 25025 2
. o Ciliopo s R, B R AT LR T AR e AR L I A
ek RE RS, (R AR S T 3Cmk [ 16 ] Fnscik [ 18 ] i
2 - T, AR LA BT 12 A B
A . T LS 1 5 ) ST K 1 R B 434
ol : : . LN 3E 6 FT 7%, HE— 25 IR T AHE R (764 i
Ll A . . A RO BN 76 4 A0 RO AE o HERg.
10X 5 20%5 15X 10 20X 10 30%x10 40% 10

TR SR
B 7 A R Gap X Hb
Fig.7 Gap comparison for different problem scales
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X LB R AR R HT A 1S 58 B 38 1 [ A
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XFFICHRT16 I ANSCRR[18 ], BEFF 1 fE X 263k
E P 1 fcdi (9 45 R AR L3 (FE SDIT
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XTI AN, 73 6 I T 4 4> PDR
R MWKR BIZ5R

TE 4 ANAIFEERESE b, i LA AR
WS T R PERE. 78 K 2 B0 o0 T i 3¢
BRL16 1 FISCHRL 18 ], FE A OL TR B . 7>
AAE mk 521 AT La (vdata ) SE 4] 4 SR A 50
la(rdata) LB la (vdata ) 521 ) 57 25 5 A
TIRUFAER . X EEAR RN T A ) B G 5
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(P ESS AR A5 S, T8 B AN [R] 20 A0AS R R 4 ]
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Tab.5 Results on large-scale problems
Top PDRs TAAR R RAE A
T e k(18] k[ 16] k(18] Sciik[ 16 ]
X - BN
% L SPT MWKR A A
20 x 10 20 x 10 20 x 10 20 x 10
Obyj. 350.07 312.93 313.04 281.49 282.49 312.59 279.20 278.99
30 x 10
Gap 27.47% 13.96% 14.01% 2.50% 2.87% 13.49% 1.67% 1.6%
SD1
Obj. 445. 17 414.82 416. 18 371.45 371.89 415.25 370.48 368.73
40 x 10
Gap 21.66% 13.37% 13.75% 1.52% 1.64% 13.49% 1.14% 0.77%
Obj.  1105.99 1539.67 1543.69 774.56 764.74 1461.16 725.27 721.05
30 x 10
Gap 59.74% 122.89% 123.57% 11.95% 10.54% 111.51% 4.80% 4.18%
SD2
Obj. 1357.16 2037.65 2032.54 962. 58 948. 03 1945.53 914.02 909
40 x 10
Gap 38.74% 108.66% 108.12% -1.67% -3.11% 99.26% -6.60% -=7.09%
xo6 HEEHEHEELHER
Tab.6 Results on benchmark data set
Top PDRs TOAE KW SRAE MG
e
i :[18 k[ 18 k[ 16 k[ 16 k[ 18 k[ 18 k[ 16 k(16
7 L L —, Scrk[ 18] SCik[ 18] 3cmk[16]  SCHk[ 16] cmk[ 18] SCik[ 18] cmk[16]  SCHk[ 16]
10 x5 15 x10 10 x5 15 x10 10 x5 15 x10 10 x5 15 x10
Obj.  201.74 201.40 198.5 185.7 184.4 185.1 190.3 190. 6 180.8 180.9 179.5
k
" Gap 28.91% 28.52% 26.77% 13.58% 12.97% 14.43% 18.56% 19.00% 9.53% 8.95% 7.89%
Obj. 1053.10 1030.83 1031.33 1031.63 1040.05 1027.17 985.30 988. 38 978.28 983.33 982.875
la(rdata)
e Gap 13.86% 11.15% 11.14 % 11.42% 12.07% 10.7% 5.57% 5.95% 4.95% 5.49% 5.56%
Obj. 1219.01 1187.48 1182.08 1194.98 1175.53 1188.27 1116.68 1119.43 1122.60 1119.73 1137.85
la(edata)
e Gap 18.6% 15.53% 15.0% 16.33% 14. 41% 15.58% 8.17% 8.69% 9.08% 8.72% 10. 74%
Obj.  952.01 955.90 954.33 944. 85 948.73 941.8 930. 80 931.33 925. 40 925.68 924. 62
la( vdata)
e Gap 4.22% 4.25% 4.02% 3.28% 3.75% 2.89% 1.32% 1.34% 0.69% 0.72% 0.62%
BT T 4 3 SR
. R OR R B
4 HHig ;
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